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Abstract
Landslides occur when a slope is unstable and collapses with different contributing and
mediating factors to slope instability, including human activity. This study evaluates the
association between the occurrence of landslides and irrigation in Franklin County, Washington.
The study sought to evaluate whether irrigation can be linked to an increase in the occurrence of
landslide events within Franklin County. The study area was divided into a ‘treatment site’ and
several ‘control sites.’ The treatment site is located in Franklin County where irrigation has
occurred near the cliff, while the control sites are sloped and non-irrigated areas outside of
Franklin County. Control and treatment areas share the same characteristics in terms of
underlying geology and slope. Therefore, the likelihood for landslide events is comparable for
both types of areas, except for the presence or absence of irrigation. The study spans 20 years;
from 2000 to 2019. For each year, landslide events were extracted using the Digital Elevation
Model (DEM) differencing method and verified with visual analysis of false color composites.
Results show that eight landslides were identified in irrigated areas while two landslides were
detected in non-irrigated areas, for a total of 729 pixels. I used a Generalized Linear Model
(GLM), specifically the Binomial specification/Logistic Regression to determine the importance
of irrigation on the occurrence of landslides identified. Pixels located within irrigated areas were
found to be 32.5 to 36.3 times more likely to have landslides occur than if no irrigation occurred.
Several different versions of the GLM were explored, and the rate at which irrigation effects
landslides changes depending on which variables were included. The results of this study can be
used to advocate for more environmental regulations where irrigation occurs on slopes.
Limitations of this research include data restraints and study area restrictions. Future work can
further investigate the study area or develop additional methods.
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1. Introduction
Anthropogenic land use or landcover change often causes unexpected negative effects on
the environment. Increases in global population and technological advancements in resource
extraction have led to many cases of destruction in previously undeveloped land. Evidence of
anthropogenic impact is visible in formerly relatively ‘natural’ landscapes that have been
substantially modified, or at times fully destroyed to accommodate mankind’s population growth
and economic expansion (Blanchard et al., 2010). A common and graphic example of these
processes is deforestation. The impact of deforestation on ecosystems has been documented in
the United States (US) and elsewhere on the globe (Hajabbasi et al., 1997). However,
deforestation is not the only destructive land cover change that affects the US. Undeveloped
land is often converted to create new agricultural areas. While agriculture has provided humans
with increased ability to provide food and other products (e.g., fuel, fiber), many crop production
systems have had negative effects on the environment and, subsequently, on human wellbeing
(Hajabbasi et al., 1997).
With innovations in modern irrigation, agricultural expansion is common even in areas
with semi-arid climates that contain little native vegetation. Irrigation involves the transportation
of water to the agricultural frontier to promote growth of the desired crop. One of the most
common agricultural designs in semi-arid areas of the US is center pivot irrigation (Figure 1).
Center pivot irrigation is easy to identify due to the unique large, circular fields the method uses
to maximize water efficiency. The presence of these farms within Franklin County indicate that
the region has a heavy reliance on irrigation to supply water to the crops. Common water
sources to supply irrigation include rivers, aquifers, and artificial reservoirs, typically located
nearby to reduce cost. Beyond the land cover change itself, agricultural practices in semi-arid
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areas can produce local climate change, pollution, deforestation, reduced streamflow, and several
types of soil degradation, including erosion, salinization, and waterlogging (Rosenberg et al.,
2000). These types of soil degradation often lead to landslides.

Figure 1 - A farm utilizing central pivot irigation within the treatment site.
This study will explore the link between irrigation in semi-arid areas with the occurrence
of landslides, a specific type of abrupt mass wasting event. This study explores the use of remote
sensing and Geographic Information Systems (GIS) methods to analyze a case study in Franklin
County, Washington. The study investigates the frequency of landslides in sites where irrigation
was present for at least 35 years and compares it to sloped sites where irrigation has not
occurred. The control sites match the treatment sites according to their geology, soil, slope,
aspect, vegetation, and rainfall to ensure that the sites are identical except for irrigation. The
main research question is to determine if irrigated areas are associated with a higher frequency of
landslides than non-irrigated areas.

2. Study Area
Franklin County is a unique region within Washington State, located in a semi-arid
environment. According to the Köppen climate classification, Franklin County and much of the
land near it are classified as cold semi-arid or midlatitude steppe (BSk). The county only
receives 22.3 cm of rain a year (USA.com, 2020). In comparison, the national average is 98.2
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cm a year (USA.com 2020). The average yearly temperature of 11.2°C is a little cooler than the
national average of 12.5°C (USA, 2020). The last important climatological metric is the wind
speed, where Franklin County has an average wind speed of 35.3 kmph, 8 kmph higher than the
national average (USA 2020).
Due to the semi-arid environment, the Columbia River to the west must supply the region
with enough water to irrigate the farmlands (Hamlet et al., 1999). In some cases, this farmland is
less than half a mile from the Columbia River, potentially allowing for pollutants such as
fertilizer to be released into the watershed. Furthermore, there is an escarpment about 30m tall
dividing the eastern farmlands from the western river. This slope is scarred by landslides,
potentially due to the irrigated fields located above the scenic incline. The study area was
chosen due to large landslides shaping the slope, and the presence of irrigation above the
normally semi-arid slope. Irrigation is required in this region due to the lack of rainfall, and the
circular plot design indicates that the crops rely on irrigation and not rainwater, this is previously
seen on figure 1. This area is sparsely populated, which resulted in historical landslides (pre2007) being mostly undocumented. This case provides an example of the contribution of GIS
and remote sensing to the understanding of anthropogenic impacts on landscapes. Sensors on
satellites capture snapshots of the landscape, allowing for the detection of unreported events like
landslides within Franklin County, and the addition of this detection to a GIS can provide
insights into the links between human activities (e.g., agriculture) and abrupt geomorphic events.
For this research, the study area was divided into two sections: the treatment and control
sites. The treatment site refers to the study area located in Franklin County, where irrigation has
occurred at or near the slope. This study uses the term slope to describe an incline at a minimum
of 15°. A map depicting the study area can be seen in Figure 2. The control sites are distributed
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throughout Washington State. Each control site was selected because it shared characteristics
similar to those of the treatment site, except for the presence of irrigation on top of the slope.
Figure 3 shows the location of each site that the study uses. Selecting the control sites is the first
step I took to determine if irrigation did cause landslides in Franklin County, Washington. The
two types of sites are each needed to perform the statistical analysis required to answer the
research question.

Figure 2 - A map showing the treatment site within Franklin County.
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Figure 3 - A map showing the location of the control sites, major cities, and the treatment site.

3. Literature Review
3.1 Introduction to the Literature Review
To understand the potential impact that irrigation can have on landslides, it is first useful
to discuss how landslides occur, the negative impacts they can cause, and how irrigation can lead
to landslides. This literature review is divided into 5 sections. The first section defines
landslides according to scientific and government convention, going into detail about the
different types of landslides. The second section delves into the impacts of landslides, focusing
on the negative effects of landslides on both humans and the environment. Section three
examines ways in which human activity can cause landslides, highlighting irrigation as a
potential factor. This leads into the fourth section, where I review the use of GIS and remote
sensing to identify and map landslides, including a detailed assessment of different methods used
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and their suitability for this project. The last section links the literature to this study, explaining
the choices I made for this study.

3.2 Definition and types of landslides
The United States Geological Survey (USGS) defines a landslide as a “movement of a
mass of rock, debris, or earth down a slope” (USGS, 2020). Landslides occur when gravity
exceeds the strength of the slope’s material. A landslide is a form of mass wasting. The term
mass wasting refers to any movement of rock or soil due to gravity. There are several factors
that can lead to landslides, with a combination of a few being the most common. Factors such as
rainfall, snowmelt, changes in water level, steam erosion, changes in ground water, earthquakes,
volcanic activity, and human activities can all trigger landslides.
There are several different types of mass wasting, each occurring for different reasons.
Each type of mass wasting represents a different level of risk to humans and the environment.
The four most common types of mass wasting are soil creep, slumping, debris flow, and rock
fall. Soil creep is the least dangerous type of mass wasting. It occurs when the soil slowly
moves from higher elevation to lower elevation and does little to no damage to the environment
(Eckel 1959). A rockfall is a fast, buy dry type of mass wasting, where the debris is usually
small when compared to slumping or debris flow. Faster than soil creep, slumping causes
chunks of land to rotate, slip and collapse, often leaving the land scarred with flat shelves created
between high slopes (Eckel, 1959). Debris flows are often the most devastating type of mass
wasting for both the environment and humans. Debris flows occur when the soil is saturated
with water, which causes the ground to flow down slope (Eckel, 1959). Due to the devastation
of the landscape and the threat to human lives, debris flows, and slumps are the main focus that
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this study will locate and identify and are combined when referring to a landslide. Debris flows
are expected to occur more often than slumping within the study area.

3.3 Impact of landslides
Landslides affect the environment and humans both directly and indirectly. While the
movement of material changes the topography of the surface of the Earth, the flow of streams
and ground water is also affected (Geertsema et al., 2009). In addition to this, a landslide can
destroy trees and the habitats of wildlife (Geertsema et al., 2009). For humans, landslides cause
millions of dollars in damages and in the United States, 25 to 50 deaths a year (USGS, 2020).
Human developments located at or near slopes can be destroyed or covered by debris with
potentially no notice, threatening lives, property, and transportation networks. Slopes are often
cut into and flattened to create roads where rock falls or debris flows could hit automobiles or
block roads. In Franklin County, most of the land development occurred on top of the slope,
establishing houses, businesses, and farmlands. The road system below the slope is the most
dangerous for human lives, as possible landslides may cover the road and the cars driving on it.

3.4 Human causes of landslides and the role of irrigation
Humans-Induced Landslides (HIL) are common occurrences that are a result of several
possible causes. A majority of these are linked to modifications in topography, water
circulations, land use changes, or infrastructure failure (Jaboyedoff et al., 2018). All of these
factors can create an unstable slope, which can precipitate the occurrence of a landslide.
Irrigation is one of the factors that may lead to slope failure and eventually landslides because
irrigation introduces water to the soil which increases the weight of the soil, decreases the shear
strength of the slope, and separates the particles (Jaboyedoff et al., 2018). The possibility of HIL
is often overlooked and not considered by the humans whose actions cause them. Landslides
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occur more frequently and are often deadlier in developing nations (Zorn, 2017). I believe this is
due to the wealthier nations having more resources to invest in preventing landslides, investing
in mitigation techniques such as, draining techniques, reinforcement of slopes, erosion control,
and geometric modification. Despite developed nations representing only 5% of the global
deaths from natural disasters, natural disasters result in more material damage in the developed
nations (Lacasse and Nadim 2009). This supports the claim that investing in landslide mitigation
is critical in saving lives.
There are two different ways irrigation can lead to landslides: accidents related to
irrigation, or from the cumulative effects of continuous irrigation. An example of how an
accident led to a landslide occurred in 2006 where a landslide occurred in Shaanxi, China. This
landslide killed 12 people and destroyed several houses (Zhang et al., 2008). In 2008 a team of
researchers found that the material displaced by the 2006 landslide was highly saturated with
water, yet no rainfall occurred before the landslide (Zhang et al., 2008). This finding led the
authors to conclude that the landslide occurred due to an irrigation canal leaking for 4 days,
which created a sinkhole that eventually collapsed and triggered the event (Zhang et al., 2008).
An example of cumulative effects is illustrated in an article by Lacroix and co-authors. The
study found that after 20 years of constant irrigation, Peru experienced an increase in landslides
(Lacroix et al., 2019). This indicates the presence of a 20-year lag period until irrigation causes
landslides which must be considered in this study.

3.5 Mapping Landslides and Landslide Risk: The use of GIS and Remote Sensing
a) Methods based on visual interpretation of aerial photos and satellite imagery
Historically, the use of aerial photography to identify landslides required the use
of a stereoscope. Image analysts required expertise and training to use stereoscopes to
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look at the visual aspects of the photograph. The use of GIS and remote sensing
improved on the visual analysis of aerial photography by improving the resolution of
images, the sharing of photographs via the internet, and the tools available. Visual
interpretation relies on the identification of the landscape’s features, including vegetation
height, type, and density if the study area is vegetated (Guzzetti et al., 2012). In arid and
semi-arid environments, it is easier to identify the failed slope than the landslide debris
(Guzzetti et al., 2012). This method is used in this study to confirm that the landslides
did occur by detecting false positives other methods may find.
b) Methods using single date DEM processing
Landslides can be identified using a single date DEM as the data source. This is
possible in the case of high precision airborne LiDAR products that allow for the
identification of slope, curvature, and roughness (Guzzetti et al., 2012). When it is
utilized, the data can be used to create single shaded relief images, or multiple shaded
relief images, which maximize the morphometric information (Guzzetti et al., 2012).
This method is not possible for this capstone project because the method would detect
landslides outside of the time span.
c) Method using DEM differencing
This approach relies on calculating the difference between DEMs of two different
dates. The difference in elevation (and derivate products, like slope, roughness) can be
considered a change in landforms and therefore can help to identify landslides. For
example, Helm et al. used DEM differencing to measure the elevation change of
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Greenland and Antarctica using DEM’s created from CyroSat-2 (Helm et al., 2014). This
is the main method used in this study.
d) Methods using single date land cover classification
Land cover can be classified with several different methods when using remote
sensing. These methods can be as precise as to classify different variants of the same
vegetation species, or as broad as to classify water and land. When a landslide occurs,
the debris that moved creates a unique spectral signature that contrasts with the
environment near it (Guzzetti et al., 2012). This allows for the identification of
landslides using an entire scene at once with only one multispectral image (MSI). This
method is not used in this study as it also detects landslides outside of the timespan,
making it impossible to achieve the study’s goals.
e) Methods using land cover change
Land cover change can be indicative of a landslide. However, this depends on the
classification method and the classes used. In order to compare the two land covers, the
same classification must be used both times. A sudden and isolated change from
vegetation to barren can be indicative of a landslide, but the confidence level of this
depends on the classes of the classification method (Guzzetti et al., 2012). This method
was explored and considered for the study, but eventually decided against.
f) Predictive Models based on multivariate statistical and Machine Learning approaches
Multivariate statistics and machine learning both can be used to predict landslides.
Machine learning functions by looking at examples of landslides and allowing the
computer to identify landslides while looking at new imagery. The multivariate
statistical approach is more complex, where several variables such as slope, surface area
ratio, curvature, and slope position are used in a model to predict landslides. This study
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uses a generalized linear model (GLM) to investigate if landslides are more frequent in
areas with irrigation. A GLM is a form of linear regression that allows for variables that
have non-normal distribution. Often times in GIS, the data is not normally distributed.
Studies often use GLMs with GIS data. For example, this study uses a field based
on pixels that contain landslides, defined as a binary variable. This is very similar to Bai
et al., 2011, where they used rare events logistic regression to create a landslidesusceptibility map. A very small percent of pixels within the study area are landslide
pixels; this discrepancy between frequencies create a non-normal distribution. Bai et al.,
2011 attempted to solve this by taking a subsample of the data in what is called a rare
events logistical regression. GLMs can use a series of model specifications such as
Gaussian, Poisson or Binominal/Logistic, depending on the nature of the dependent
variable. The Gaussian type requires the dependent variable to be continuous, the
Poisson type requires the dependent variable to be a count, while the Binomial type
requires it to be a binary. In a 1998 study, a team of researchers used a form of GLM
called Generalized Additive Models (GAM) to explore the response of three species
based on environmental parameters (Lehmann, 1998). GAMS are GLMs where the linear
response variable depends on unknown smooth mathematical functions of some
independent variables (Lyons, 2018). These smooth functions allow GAMS to
accommodate both linear and non-linear relationships (Lyons, 2018). The results of the
study created species response curves to environmental gradients and prediction of
species distribution under changing environmental conditions (Lehmann, 1998). Both of
these articles show examples of how using GIS data to create a GLM is common, and Bai
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et al., 2011 shows an example of how rare event logistical regression is important in
calibrating GLMs for landslides.
g) Methods that model landslide risk/vulnerability or suitability
This method is fundamentally different than the previous methods, as it identifies
areas were landslides are likely, instead of areas where landslides have occurred. Several
factors, such as climate, slope, and soil, are examined to calculate the vulnerability of
landscapes. This method is not used in this study’s methodology as the goal is identify
landslides within the time period, not to see were landslides are possible. However, the
2000 Global Landslide Hazard Distribution, a risk/vulnerability-based GIS layer is used
in this study to identify slopes at a similar risk of landslides to those of the treatment site.
This data source was created in collaboration with the Columbia University Center for
Hazards and Risk Research (CHRR), Norwegian Geotechnical Institute (NGI), and
Columbia University Center for International Earth Science and Information Network
(CIESIN) (Columbia 2020).

3.6 Links between the literature and this study
This capstone project records the frequency of slumps and debris flow landslides from
2000 to 2019 at Franklin County, Washington. A 2019 article found that landslides caused by
constant irrigation start to occur 20 years after irrigation begins, with proper techniques and no
accidents (Lacroix et al., 2019). Preliminary research on Franklin County, Washington suggests
that farming began in the 1950s, however, identifying landslides from that far back in time predates the remote sensing era, and would require the use of topographic maps. Instead, this study
starts in 2000 and ends in 2019 and uses Landsat 5 and Landsat 8 satellite imagery. The study
starts in 2000 as it is the earliest date that DEMs could be found for the study area. Digital
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Elevation Models (DEMs) are used to identify areas of elevation change due to landslides, and
topographic maps are an older format for showing elevation. This study uses the DEMs of
difference method, similar to than in Williams (2012), to identify the changes in elevation from
two dates at a time, while accounting for potential error. Visual analysis of the Landsat imagery
aids in verifying that the landslide did occur and is not a false positive.
The first goal of this research is to identify and map areas where landslides have occurred
within the study area at Franklin County, Washington. A 2020 article titled, “Irrigation-triggered
landslides in a Peruvian desert caused by modern intensive farming” conducted a similar study.
They attempted to find the link between landslides and irrigation in Peru by mapping the
elevation change between 1978 and 2016 (Lacroix et al., 2019). This method of using elevation
change to locate landslides works due to debris moving from the higher elevation to lower
elevation after a landslide occurs. Another article titled, “DEMs of Difference” researched this
phenomenon (Williams, 2012). The author, Williams, refers to a similar method used by Lacroix
et al. and critiques it due to both DEMs containing vertical error (2019). This method requires
two dates; one before and one after the landslide. The landslide results in an elevation which can
be used to identify it. This study follows Williams’ guidelines to calculate the noise created by
subtracting the DEMs to determine the confidence of the differences in elevation.
There are several articles that use DEMs of difference to identify geomorphic change
detection. Blanchard et al. (2010) explored the accuracy of Shuttle Radar Topography Mission
(SRTM) DEMs compared to Advanced Spaceborne Thermal Emissions and Reflection
Radiometer (ASTER) DEMs on drumlins in Massachusetts. By going into the field to measure
the drumlins themselves, the study found that the SRTM DEM was much more accurate than the
ASTER DEM on developed and bare soil land cover (Blanchard et al., 2010). The landcover in
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my study is mostly bare soil, so STRM was chosen. The original 2000 National Elevation
Dataset (NED) was created with SRTM.
The second goal of this study is to determine to what degree irrigation can be linked to
the occurrence of landslides in the study area. Lacroix et al. (2019) and Zhang et al. (2008), in
their respective study areas explore the association between landslides and irrigation. Zhang et
al. interviewed witnesses of landslide events to form a hypothesis about the potential causes of
landslides and found field-derived evidence to support it (Zhang et al., 2008). For example, the
team found that no rain or earthquakes occurred prior to the event, and that farmers did not
receive any water from the irrigation canal. The fact that irrigation water was not received for 4
days alerted the researchers to the possibility of the canal leaking. This research cannot follow
this approach due to the exact dates of the landslides being unknown, and the landslides
occurring in low-population areas. Instead, this study uses a Generalized Linear Model (GLM)
of the logistic type in order to calculate the odds ratios to determine how likely landslide
occurrence is in the presence of irrigation within the study area. This project subdivided the
observation in the study area into treatment and control sites as the two sample groups. The
difference between the control and treatment sites is the presence of irrigation. It is important
that the control and treatment sites are as similar as possible, because a difference in the sites
could be responsible for the landslides instead of irrigation, creating errors in the interpretation
of the results. Due to the infrequent updates in elevation data, it makes it difficult to pinpoint an
exact date for the landslide, but a time range between two time points is sufficient for the goals
of this study. Spectral imagery is also useful in reducing the time range to a year. Lacroix et al.
used satellite imagery to help identify landslides as an overlay (2019).
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The methods used in this study are much simpler than Lehmann’s (1998), with a simpler
graph and variables, but the concept remains the same. GIS data allows for a spatial component
within the model and a GLM allows for the complex analysis of the variables. The results of a
GLM provide a coefficient for each variable to calculate the odds ratio to determine how
variables influence landslides. This allowed the study to determine if irrigation is the most
important variable in predicting landslides within the study area.

4. Data Sources
4.1 Primary Data Sources
This study requires both MSI and elevation data to identify, locate, and confirm the
presence of landslides in each site. Landsat 5 provided the 2000 to 2014 MSI and was chosen
due to its expansive data library, temporal resolution, and spatial resolution. After 2014, Landsat
8 was used; it is very similar to Landsat 5 and maintains the same 30-meter resolution. The
USGS hosts the data and distributes it through the USGS Earth Explorer, which also provides an
atmospherically corrected version. The MSI for each year was captured in the summer months
from June to August, with a focus on July. It is important that the imagery for each year is in the
same season, as the seasons affect the vegetation. Individual dates were selected to minimize
cloud coverage, which would hide the landslides. In total, 21 images were collected: fifteen for
Landsat 5 (2000-2014), and six for Landsat 8 (2014 to 2020), with 2014 being repeated to
prevent direct comparison of the images between Landsat 5 and Landsat 8. The Landsat imagery
was used in this study to both incorporate the visual analysis method in identifying landslides
and to map the results; however, the elevation data was critical in identifying landslides.
Like the MSI, the elevation data used two data sources. The DEM differencing method
to identify landslides requires at least two dates to represent the start and end of the study’s
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timespan. Unfortunately, due to the time range of the study, and the lack of population in the
area, only two DEMs were found. The first dataset is from the 2000 Shuttle Radar Topography
Mission (SRTM), which also came from the USGS Earth Explorer (USGS, 2020). In 2014, the
highest resolution imagery (30m) was added to the website, providing a DEM of what the
landscape’s elevation was in 2000. SRTM captured a global elevation model with the use of
radar and is frequently used in studies involving elevation. The second dataset is from the
National Elevation Dataset (NED), which uses Light Detecting And Ranging (LiDAR) to create
an incredibly accurate and precise elevation model. Unfortunately, this data source must be
aggregated to match the 30-meter resolution of SRTM. Such a requirement deteriorates the high
accuracy and precision data LiDAR is known for. The NED is available on its own website and
is updated frequently (USGS, 2020).
The last data source in this study is the 2000 Global Landslide Hazard Distribution
dataset (Columbia, 2000). This dataset is needed to find control areas with a similar risk factor
as the treatment site to compare the frequency of landslides. It was derived using slope, soil,
soil moisture, precipitation, seismicity, and temperature. The slope valued were derived from the
SRTM dataset. While the dataset is 20 years old, most of the factors used in the hazard dataset
remains relatively constant within the timespan, which explains why the dataset has not been
updated since 2000. A downside of this dataset is the 30-meter resolution; however, since this is
just used to identify control areas, and not used for analysis, the resolution is not important. A
higher resolution dataset would be able to represent steeper slopes better. Table 1 shows each of
the data sources and the years they cover.
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4.2 Reference Data Sources
Extra data sources were required to create detailed maps. Aerial photography provided
by ArcGIS Pro originate from Earthstar Geographics (Terrastar, 2020). This data source was
occasionally used instead of the Landsat imagery to create maps due to the small pixel size that
creates a better map. A feature class of major cities within Washington State was created with
information from the US Census (US Census 2020). This feature layer was only used to
reference the location of sites.
In order to create an accurate GLM, unique variables are needed. Many of these
variables can be calculated with the above data sources, such as NDVI, elevation change, and
slope. However, in order to calculate the Revised Universal Soil Loss Equation (RUSLE) value,
a special data source needed to be used. In 2005, the EPA published a soil and landform metric
for the western states (EPA 2020). In this shapefile, they included the RUSLE factors
aggregated to soil polygons. This dataset was used in this study to calculate the final RUSLE
value for each polygon within the site. The values from these polygons were then extracted to
the points data to use in the GLM. A downside of this data source is that the values are
aggregated to large polygons, this means that most sites had a constant RUSLE factor for all the
pixels. Some of these factors are expected to be constant within the site, such as rainfall and
conservation practices.

18
Table 1 - Data sources

Source

Type

Years

Spatial
Resolution

Extent
Top Left: 49.15, -121.00
Top Right: 49.15, -116.80
Bot Left: 45.50, -116.80
Bot Right: 45.50 ,-121.00
Top Left: 49.15, -121.00
Top Right: 49.15, -116.80
Bot Left: 45.50, -116.80
Bot Right: 45.50 ,-121.00

Website

Landsat 5

2000 –
Multispectral
2014

30m

Landsat 8

Multispectral

2014 –
2020

30m

Shuttle Radar
Topography Mission
(SRTM)

Elevation
(Radar)

2000

30m

Tiles
13_03 and 12_03

https://earthexplorer.usgs.gov/

National Elevation
Dataset (NED)

Elevation
(LiDAR)

2019

1/3 Arc
Second

Tiles
n47w118, n48w119
n47w119, n48w120
n47w120, n49w119
n48w118, n49w120

http://ned.usgs.gov/

Global Landslide Hazard
Distribution (2000)

Hazard Map

2000

30m

Global

https://sedac.ciesin.columbia.edu/data/set
/ndh-landslide-hazard-distribution

Aerial Photography

Raster

Varies

Varies

Global

https://www.terracolor.net/

Major Cities

Point

2019

N/A

Washington

N/A

EMAP - West Soil /
Landform Metrics

Polygon

2005

N/A

Western USA

https://archive.epa.gov/esd/archive-nerlesd1/web/html/wemap_mm_sl_rusle_k_q
t_md.html

https://earthexplorer.usgs.gov/

https://earthexplorer.usgs.gov/

5. Methodology
5.1 Data collection and preprocessing
The data was collected from the sources listed above. A compete flowchart of the
methodology used in this study can be seen on Figure 4. The elevation data was used to find the
landslides, while the MSI was used to verify the landslides and create maps. The Landsat
imagery was classified as Level-2 on the USGS Earth Explorer. This means that the images
were already atmospherically corrected and ready to be used for this study. The SRTM, NED,
and Landsat imagery were all downloaded as tiles, which required mosaicking to combine into
one image. The extent of the mosaicked tiles is roughly the same, to cover Washington east of
the Cascades. ENVI (version 5.5.2) was used to first remove fill pixels, and then mosaic the
images with ENVI’s “Seamless Mosaic” tool. The Landsat imagery required the bands to be
stacked with ENVI’s “Layer Stacking” tool. This allowed for the landscapes to be shown as a
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true color composite (Landsat 5: red band 3, green band 2, blue band. Landsat 8: red band 4,
green band 3, blue band 2). The NED DEM was aggregated to 30-meter resolution using
ArcGIS Pro’s (version 2.6.2) “Aggregate” tool; this was required to match the SRTM DEM cell
size. For clarity, the STRM and NED DEMs will now be identified as the 2000 and the 2019
DEMs, respectively. Slope was critical in the identification of landslides and was calculated for
both the 2000 and 2019 datasets using the ArcGIS Pro “Slope” tool. With the data collected and
preprocessed, the next step required the identification of control sites.
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Figure 4 – A flowchart of the methodology
The legend shows a description of each shape. The National Elevation Dataset (NED) and
Shuttle Radar Topography Mission (SRTM) are the elevation datasets, and the Landsat and
Reference are imagery. The reference incorporates aerial photography, EPA RUSLE factors,
and city locations. The Maps output represents all the figures that show results.
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5.2 Locating Control Sites
Control sites were important in this study as they were used to determine if irrigation led
to landslides in the treatment site. It was critical in this study that the control sites were as
similar to the treatment site as possible, without the presence of irrigation or agriculture on top of
the slope. In order to locate appropriate sites, variables such as maximum slope, average slope
(above 15°), landslide risk, and surface geology had to be identified for the treatment site.
Washington’s Natural resources website provided geologic maps of the state and was overlaid
with the Global Landslide Hazard Distribution raster to show only areas that have a similar
geology and landslide hazard risk as the treatment site (DNR.WA 2020). After that, the slope
was overlaid as a semi-transparent layer on the possible sites. Using this, the landscape was
explored, and several test sites were created as polygons. The polygons were then overlaid with
the 2000 imagery to verify that there was no agriculture on top of the slope; if there was, the test
sites were deleted. Using ArcGIS Pro’s “Reclassify” and “Zonal Statistics,” the maximum slope
and average slope (above 15°) was calculated for each test site, and the sites were deleted if the
values were not similar to the treatment site. From the original ten test sites, only seven were
adequate for use in this study.

5.3 Identifying Landslides in treatment and control sites
As highlighted in the literature review, there are several different ways to locate and map
landslides using GIS and remote sensing. For this study, the difference of DEMs method was
chosen, as it allows for the identification of landslides within the time span and at a higher
confidence than the other methods. Visual analysis was chosen as a secondary method to
confirm results of the DEM differencing method and to detect false positives. Figure 5 shows a
typology tree of the logic used during visual analysis. Figure 6 shows an example of the visual
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analysis process. The 2000 DEM raster was subtracted by the 2019 DEM raster, and the 2000
slope was subtracted by the 2019 slope using ArcGIS Pro’s “Raster Calculator” tool. The results
of this method would show a positive change value in cells where the elevation or slope
decreased, which is indicative of a landslide. The landslides detected in this method would also
have a negative change value downslope of the positive change, representing the debris of the
landslide covering the ground. A map showing the results of the DEM differencing methods can
be seen on Figure 7, while Figure 8 shows a histogram of the elevation change variable. Due to
the aggregation of the LiDAR data to form the 2019 DEM, it was expected that the image would
contain a lot of noise and error. This was accounted for by first looking for landslides along the
slope and then looking for the pair of values indicatives of landslides (positive and negative
value near each other). The Landsat imagery for each year was sequentially overlaid to both
identify false positives (non-landslides) and identify the year of the landslide. In the event of
multiple landslides occurring in the same spot, the date of the first landslide was be used.
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Figure 5 - A typology tree describing the visual analysis progress
Each group of non-white pixels must go down the list, tallying a total of each color. The bottom
row describes the confidence of each potential landslides. Low confidence is assumed to be a
false positive.
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Figure 6 – An example of the visual analysis steps

Figure 7 - Intermediate results of DEM differencing.
The results of this show pixels that experienced change from 2000 to 2019. Most of the
colorization is from noise created from aggregating the NED. Red is easier to look out for when
identifying potential landslides.
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Figure 8 – A elevation change histogram from the DEM differencing results.

5.4 Determine the importance of irrigation with respect to landslides
There are many different statistical metrics to determine if irrigation increases the chance
of landslides, but this study uses a GLM as the main method. Specifically, I used a Binomial
model/Logistic Regression. This model specifically was chosen because of the binary nature of
the dependent variable (landslide, no landslide). To achieve the required format for the
application of this model, the original dataset was reformatted. Each pixel within the study area
was included as a row in a new alphanumeric (attribute) table, totaling 801,007 rows/pixels. The
pixels were classified as landslide pixels if any displacement of Earth was visible after the
landslide event with MSI for the same year. Within GIS, there are a few ways to label
landslides. This method refers to landslides as a group of pixels, containing both the collapsed
slope, and the location of where the debris was deposited. The Elevation change raster was
converted into points with ArcGIS Pro’s “Raster to Point” tool.
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Several different variables were calculated and amended to the original feature class with
either the ArcGIS Pro’s “Spatial Join” or “Extract Value to Points” tools. In total, seventeen
variables were explored, with only two variables being used as dependent variable (Landslides
and Elevation Change.) In order to predict how much erosion is expected in each site, the
RUSLE value was calculated. This metric equates to the amount of soil loss in tons per acre per
year and is calculated with the equation
𝐴 = 𝑅 ∗ 𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃
Where A is the annual soil loss per acre, R is the rainfall erosivity, K is the soil erodibility, LS is
slope length / steepness, C is vegetative cover, and P is erosion control practices. A custom LS
factor is also calculated using slope calculated with SRTM to create a pixel specific RUSLE
value. A full list of the variables explored in this study can be seen in Table 2. It should be
noted that not all of these variables were created to be used in a GLM. Some were used
themselves to create variables that were used in a model or were simply rejected variables.
Boxplots were created with the key independent variables. The units of each boxplot were
standardized in order to compare the variables directly. The boxplots were separated by
irrigation, where no irrigation (0) could be compared against presence of irrigation (1). As seen
on Figure 9, the variables included within the boxplots contained similar averages whether
irrigation was or was not present. This is good in that it shows that the goal of identifying
control sites similar to the treatment site was met, and that irrigation is an independent variable
not affected by the other variables. For additional reference, the boxplot for each variable is
included in Figure 10.
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Figure 9 – A boxplot with key variables, separated by irrigation.
The variables are compared against each other based on the presence of irrigation. An
irrigation value of 0 indicates no irrigation, and a value of 1 indicates irrigation is present.

Figure 10 – A boxplot with key variables, not separated by irrigation.
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Table 2 – A table that shows and describes all of the variables explored with the GLM.
Variable
Name
Site
Landslide

Description
The site Identifier, explored to
see if the sites were different.
Pixels in which Earth has been
displaced after a landslide
event.
The pixel's slope value from
the 2000 SRTM.

Slope
Irrigation

NDVI2000

NDVI2020
NDVIChange
ElevationC
RUSLE_R
RUSLE_K

RUSLE_LS
RUSLE_C
RUSLE_P
RUSLE_Valu

RUSLE_2
LS_2
PosEleC

A variable that shows if
irrigation is present or not
within the site.
Normalized Difference
Vegetation Index (NDVI) value
for the 2000 Landsat 5
imagery.
Normalized Difference
Vegetation Index (NDVI) value
for the 2020 Landsat 8
imagery.
The difference between the
2000 NDVI and 2020 NDVI.
The change in elevation from
the 2000 STRM and the 2019
NED.
The rainfall factor for the
Revised Universal Soil Loss
Equation (RUSLE)
The soil erodibility factor for
the Revised Universal Soil Loss
Equation (RUSLE)
The slope length/steepness
factor for the Revised
Universal Soil Loss Equation
(RUSLE)
The vegetation factor for the
Revised Universal Soil Loss
Equation (RUSLE)
The erosion control factor for
the Revised Universal Soil Loss
Equation (RUSLE)
The Revised Universal Soil Loss
Equation (RUSLE) value with
the data from the EPA.

Variable Type

Data
type

Range

Notes

Data Source

Not used in Final GLM

Integer
(ID)

0 to 7

Just a site identifier.

Created by Eric Savaria.

Dependent Variable or
Independent Variable

Integer
(Binary)

0 or 1

The main dependent variable.

Created by Eric Savaria.

Independent Variable

Float

0 to 72.3

Independent Variable

Integer
(Binary)

0 or 1

The treatment sites had a value of 1, while
the controls had a value of 0.

Created by Eric Savaria.

Independent Variable

Float

-0.74 to 0.86

Used as an indicator for vegetation.

Derived from Landsat 5.

Used to calculate another
variable

Float

-0.15 to 0.58

Poor results in the models.

Derived from Landsat 8.

Independent Variable - Not
used in Final GLM

Float

-1.03 to 0.74

Poor results in the models.

Derived from Landsat 5 and
8.

Dependent Variable or
Independent Variable

Float

-46.12 to 26.04

Was considered as the main dependent
variable.

Derived from SRTM.

Used to calcuate another
variable

Integer

3 to 22

Was used to calculate RUSLE_Valu and
RUSLE_2.

Created by the EPA.

Used to calculate another
variable

Float

0.22 to 0.41

Was used to calculate RUSLE_Valu and
RUSLE_2.

Created by the EPA.

Used to calculate another
variable

Float

0.96 to 9.52

Was used to calculate RUSLE_Valu.

Created by the EPA.

Used to calculate another
variable

Float

0.115 to 0.146

Was used to calculate RUSLE_Valu and
RUSLE_2.

Created by the EPA.

Used to calculate another
variable

Float

0.98 to 1

Was used to calculate RUSLE_Valu and
RUSLE_2.

Created by the EPA.

Independent Variable

Float

0.14 to 6.90

A variable to indicate how much soil is
expected to be eroded. Factors were
aggregated and not unique to pixels.

Derived from the factors
from the EPA.

Float

An attempt to fix the non unique
Derived from factors created
0.00 to 1,742 RUSLE_Valu values for each pixel by using a
by EPA and Eric Savaria.
custom LS factor that was pixel specific.

Float

0.04 to 10,055

Was used to calculate RUSLE_Valu.

Derived from SRTM.

0 to 46.12

Was used as the dependent variable in a
Poisson GLM.

Derived from Landsat 5 and
8.

The Revised Universal Soil Loss
Independent Variable - Not
Equation (RUSLE) value with
used in Final GLM
the pixel unique LS_2 factor.
A custom LS factor for the
RUSLE
The absolute value of the
elevation change.

Used to calculate another
variable
Dependent Variable - Not
used in Final GLM

Float

The 2000 DEM was chosen over the 2020
Derived from the 2000 SRTM
DEM to show the slopes that would cause
DEM.
landslides.

Several different versions of GLM were used to find one that fit the dataset and the goals
of this project better. All three types of GLM specifications were attempted. The
Binomial/Logistic model variate used the landslide binary variable (Landslide) as the dependent
variable, while the Poisson and the Gaussian variants used the elevation change (ElevationC) as
the dependent variable. The Poisson method requires only positive values, so the absolute value
of the elevation change (PosEleC) was used instead. Both dependent variables were used as
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indicators of landslides. All of the landslide pixels were manually created based on the location
of the landslide debris. The elevation change variable is a continuous variable with each pixel
representing the change in elevation from 2000 to 2020. Not all of the changed elevation is
indicative of a landslide because several other types of anthropogenic land use change can result
in elevation change. For example, the destruction of vegetation or the construction of buildings.
The first step in creating the model is to determine which variables should be included.
Figure 11 shows a scatter matrix, where several variable’s relationships are explored. The
variables created by this project were compared against each other in a correlation matrix. This
matrix allows the study to exclude variables that are too similar to each other. In the case where
a variable correlates with another (0.5 or higher), each variable is used in the model to determine
which creates a lower Akaike information criterion (AIC). The AIC is a relative metric to
determine the quality of statistical models. When comparing two models of the same type (i.e.
Binomial, Poisson, Gaussian) the model with the lower AIC was considered superior. The goal
of this section is to create a model that has a relatively low AIC and then, used that model to
determine the odds ratio of the variables. GLM was calibrated using RStudio and the GLM
function with the form:
𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙_𝑔𝑙𝑚 < − 𝑔𝑙𝑚(𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 ~ 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 1 + 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 2 + 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 3 ,
𝑑𝑎𝑡𝑎 = 𝑡𝑎𝑏𝑙𝑒 , 𝑓𝑎𝑚𝑖𝑙𝑦 = 𝑏𝑖𝑛𝑜𝑚𝑖𝑎𝑙())
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Figure 11- A Scatter Matrix showing the scatter plots for each variable.
Yellow points are landslides and white are non-landslides. The figure shows that NDVI change
and Elevation change has a random relationship.

Due to the incredible skewness of the non-landslide vs landslide distribution, the GLM
model had to be calibrated using a subsample of the non-landslide points. This process is needed
for a rare events logistic regression. Using ArcGIS Pro’s “Create Random Points” tool, a
randomly selected subsample of 70% landslide points and 5 times as many non-landslide points
were merged into one feature class and used to calibrate the model. The remaining 30%
landslide points were used to validate the model. The results of the validation were used to find
the odds ratio of each variable and to construct a confusion matrix, Receiver Operating
Characteristic (ROC) curve, and to find the area under curve (AUC) for the ROC.
The coefficient table result from calibrating the GLM with the lowest AIC was used to
calculate the odds ratio corresponding to each variable. The odds ratio is an important metric
that allows us to see how each variable influences the odds of landslides. The odd ratios show
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how important the irrigation variable is in causing landslides, and whether any other variables
are more important than irrigation. The ratios were calculated using MS Excel by finding the
inverse log of the variable’s model coefficient. An upper and lower limit can also be calculated
by accounting for the standard error of each coefficient.
A confusion matrix shows the accuracy of the validation results. The table shows the
number of true positives, false positives, true negatives, and false negatives. From this basic
information, the user accuracy, producer accuracy, errors of commission, and errors of omission,
can be calculated. The users accuracy and producers accuracy are terms used for land cover
classification but are used to find the errors of commission and omission in this study by
subtracting 1 from each accuracy.
The ROC curve is useful in visualizing how well a model is at distinguishing between
classes. To create this, the study divides the graph into 10 rows, each representing 10%
probability of a landslide occurring. Each row had the total number of true positives and false
positives, and the respective true positive rate (TPR) and false positive rate (FPR). The rates are
plotted on a graph, which creates the ROC curve. The AUC is found by subtracting the TPR by
the one below it and multiplying the value by the FPR of the first TPR, and then take the sum of
each value. An AUC of 0.5 equates to 50%, or random. The higher the value, the better the
model. Both of these calculations were done using Excel.

6. Results
6.1 Control Sites
This study identified seven control sites that were similar to the treatment site. Figure 12
shows a close-up of each study area’s extent. Every county surrounding Franklin had one
control site; this was deliberate, as Tobler’s first law of geography states that nearby things are
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more similar than distant things (Miller, 2004). Site 1 was located close to the treatment site and
was the only control site located on the eastern side of Columbia River. Sites 2, 3, 6, and 7 were
all on the west side of the river, with site 7 being the farthest away from the stream. Sites 4 and
5 are on the eastern side, but far closer to other rivers than the Columbia.
Statistics about each site were derived with the GIS data. The control sites have an
average maximum slope of 54°, and an average slope (above 15°) of 20°. These values almost
perfectly match the treatment site’s maximum slope of 56° and 21° average slope, with a total
difference of the two only being 3°. However, the maximum slope has a very high standard
deviation of 17.2. This was due to some control sites having a very steep cliff that is not
representative of the entire site. Such an occurrence was observed in control sites 1 and 3, where
the maximum slope was 72° and 81°, but the average slope (above 15°) was only 24° for both.
In contrast, the average slope only had a standard deviation of 2.6, with the values ranging from
18° to 24°. The size of the control sites varies drastically from one another. The treatment site
was the largest in terms of area, but much of it consists of flat land where landslides cannot
occur. To bypass this, this study calculates the area of sloped land at or above 15°. With this
adaptation, the area treatment site was reduced from 158.25 km2 to 10.88 km2. The control sites
follow this method and vary from 1.29 to 27.71 km2 and have an average of 10.88 mi2. The
averages of these metrics explain the similarities between these control sites and the treatment
site. The average slope is the most important metric and has the lowest standard deviation,
meaning that the values are the closest to the average. Table 3 shows the statistics of each site.
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Figure 12 - A map showing the control sites, and their area.

Table 3 - A description of each control site.
Site
Treatment
Control 1
Control 2
Control 3
Control 4
Control 5
Control 6
Control 7
Average Control
Total Control
Standard Deviation
(control only)

Maximum
Slope
56
72
49
81
31
50
52
42

Area (Above 15°) Average Slope
County
Km Sq
(Above 15°)
10.88
21
Franklin
27.71
24
Grant
4.4
19
Okanogan
24.86
24
Kittitas
1.29
18
Adams
3.37
19
Walla Walla / Columbia
6.73
19
Banton
5.96
19
Yakima

53.86
377

10.62
74.32

20.29
142

17.18

10.88

2.56

Landslide
Risk
<3
<3
<3
<3
<3
<3
<3
<3

Geology

State

Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments
Unconsolidated Sediments

WA
WA
WA
WA
WA
WA
WA
WA

6.2 Landslides
Using the two methods described above, DEM differencing and visual analysis, this study
found a total of 10 landslides in both treatment and control sites. Eight landslides of varying
sizes occurred within the treatment site. These landslides fit into three geographic groupings: the
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northern landslides (Landslides 1 – 4), central landslides (5 and 6), and southern landslides (7
and 8). While the farthest from agriculture, the northern landslides occurred in a lightly
vegetated slope, the vegetated slope is indicative of irrigation, which triggered the landslide
(Jaboyedoff et al., 2018). Landslides 2, 3 and 4 are all located close to each other and one
occurred every year from 2008 to 2010. These landslides are among the easiest to detect with
visual imagery, as the debris extends to the riverbanks. The rest of the landslides were singular
events. Landslides 1, 6, 7, and 8 are all small landslides, but debris is visible with each.
Landslide 5 was the largest landslide; landslide 8 is the smallest, comparable to the nonirrigation landslides found in the control sites. Of the seven control sites, only two had
landslides. Landslide 9 occurred in control site 1, while landslide 10 occurred in control site 4.
More information about the landslides can be found on Table 4, while maps showing the
treatment site landslides can be found on Figure 13. The control site landslides are on Figure 14,
highlighting the results from the DEM differencing method.
Table 4 - Information about each landslide.
Confidence is based on the typology tree from figure 5.
Landslide
ID
1
2
3
4
5
6
7
8
9
10

Site

Year

Slope

Confidence

Pixels

Area (m2)

Treatment
Treatment
Treatment
Treatment
Treatment
Treatment
Treatment
Treatment
Control 1
Control 4

2009
2008
2003
2010
2019
2014
2018
2008
2013
2005

15°
11°
15°
12°
13°
22°
23°
18°
23°
17°

3
2
3
2
2
3
2
2
3
2

8
139
63
264
81
45
15
44
60
10

240
4170
1890
7920
2430
1350
450
1320
1800
300
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Figure 13 - A map showing the before and after of each landslide in the treatment site.

Figure 14 - A map showing the elevation change for each control site landslide.
The red pixels show where the landslide lost soil, and blue pixels show where the debris landed.
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6.3 GLM and odds ratio
While all three types of GLM specification were attempted, only one had interpretable
results. The Binomial model had the most interpretable results of all the models due to the
binary nature of the landslide dependent variable. That is, pixels either had a landslide or not a
landslide (coded as 1 or 0), and the model was attempted to asses which of the independent
variables were more important in predicting the occurrence of landslides.
Several different combinations of independent variables were tested in this study to
construct the best model. After several iterations and combinations of variables, I settled on two
primary models. The first model attempts to add as many independent variables as it could
without raising the AIC. This model used site, elevation change, slope, irrigation, NDVI,
RUSLE Value, and RUSLE R as independent variables. In this model, irrigation had the highest
coefficient at 3.59, making it the most important variable. The odds ratio of 36.3 implies that
irrigation increases the odds of a landslide by a factor of 36.3. The full results of the first model
can be found on Table 5. The second model uses a different approach, it attempted to reduce the
correlation between the two the independent variables. It only used elevation change, slope,
irrigation, NDVI, and RUSLE as independent variables. This model also found irrigation to be
the most important variable, with a coefficient of 3.48, indicating an odds ratio of 32.49. The
results of this model can be found on Table 6. From these two models, the study determined that
irrigation is 32.49 to 36.3 times more likely to cause a landslide.
NDVI had the lowest coefficient of all other variables. I did not expect this, and
originally attempted NDVI change, but actually did worse than just NDVI 2000. I believe that
there are a few reasons for this. The slope should naturally be arid with little to no vegetation,
but years after irrigation is introduced the ground water accumulates and flows to the slope to go

37
to the Columbia River. This process actually increases vegetation on a slope because of the
water flow, and lightly vegetated slopes in an arid environment are often indicative of potential
landslides (Geertsema et al., 2009). The second reason is because I used debris to select
landslide points. The landslides happened after 2000, so the NDVI value will not be landslide
debris and likely to be bare soil. This can be seen on Figure 15 where a scatter plot between
NDVI and slope shows a significant amount of landslides points having low slope, and a low
NDVI. I believe that the high contrast in slightly vegetated slopes, and the bare soil of the debris
create the irrelevant NDVI variable.

Figure 15 – A scatter plot showing the relationship with NDVI and slope.
Landslides are the yellow points, and white points are non-landslides. There is a significant
number of landslides with a low NDVI and low slope, creating the irrelevant NDVI variable.
This is the subsample used for calibrating the model.

Both models have a very similar coefficient matrix, with both having an overall accuracy
of over 90%. However, each model had high errors of commission (~40%), meaning that they
often classify non landslides as landslides. This claim is further supported by the ROC curve and
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the AUC for each model. Both models were able to predict landslides better than random, with
model 1 doing noticeably better with an AUC of 60%. This value is too low to consider the
models are a perfect success, but the results are still valid enough to support the study’s finding.
Figures 16 and 17 show the confusion matrix and Figures 18 and 19 show the ROC and AUC for
each model.
Table 5 – Results of the first GLM Binomial/Logistic model.
The odd’s ratio of each variable shows how each is associated with landslides. Irrigation is the
variable most associated with landslides.
Variable Coefficient Odds Ratio Std. Error
LL
Site
-0.5303 0.588428415 0.217227 -0.95606492
ElevationC
-0.049761 0.951456796 0.025403 -0.09955088
Slope
0.135955 1.145630339 0.008915 0.1184816
Irrigation
3.592072 36.30923077 0.349326 2.90739304
NDVI2000
-4.640064 0.00965708
0.462245 -5.5460642
RUSLE_Valu -2.359292 0.094487096 0.399476 -3.14226496
RUSLE_R
0.706148 2.026171395 0.100849 0.50848396
Intercept
-6.619588
0.386079
AIC: 1778.2

ORLL
UL
ORUL
0.384402569 -0.10453508 0.900743199
0.90524389
2.888E-05
1.00002888
1.125786159 0.1534284 1.165824311
18.30900545 4.27675096 72.00610881
0.003902788 -3.7340638 0.023895532
0.043184875 -1.57631904 0.206734681
1.66276846 0.90381204 2.46899711

Landslide = -6.619588 + (-0.530300 * Site) + (-0.049761 * ElevationC) + (0.135955 * Slope) + (3.592072
* Irrigation) + (-4.640064 * NDVI2000) + (-2.359292 * RUSLE_Valu) + (0.706148 * RUSLE_R)

Table 6 – Results of the second GLM Binomial/Logistic model.
Removing the two variables affected the odds ratio of each variable. Irrigation is still the most
important variable in predicting landslides.
Variable Coefficient Odds Ratio Std. Error
LL
ElevationC
-0.046263 0.954790819 0.024016 -0.09333436
Slope
0.121258 1.128916135 0.008121 0.10534084
Irrigation
3.480987 32.49177564 0.191749 3.10515896
NDVI2000
-4.496465 0.011148336 0.444704 -5.36808484
RUSLE_Valu -0.391663 0.675931865 0.089822 -4.67251612
Intercept
-4.781576
0.214714
AIC: 1861.4

ORLL
UL
0.910888885 0.00080836
1.111089249 0.13717516
22.31276553 3.85681504
0.004663053 -3.62484516
0.009348717 -4.32041388

ORUL
1.000808687
1.147029045
47.31441661
0.026653224
0.01329438

Landslide = -4.781576 + (-0.046263 * ElevationC) + (0.121258 * Slope) + (3.480987 * Irrigation) + (4.496465 * NDVI2000) + (-0.391663 * RUSLE_Valu)
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Figure 16 – The confusion matrix for model 1.

Figure 17 – The confusion matrix for model 2.
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Figure 18 – The ROC and AUC for model 1.

Figure 19 – The ROC and AUC for model 2.

41

7. Discussion
7.1 Analysis
The results of this study found that irrigation does seem to be associated to landslides in
this study area. Of all the landslides found, 80% occurred within the treatment site where
irrigation occurred. Besides irrigation, the control sites were very similar to the treatment site,
yet most had no landslides. All of the landslides in the treatment site are considered to be a
Human-Induced Landslide (HIL) due to irrigation, but only one of the control sites had a HIL.
This HIL occurred in control site 4, which is the site with the lowest average slope (18°) and
smallest sloped area (1.29 km2). This slope has a unique texture, as seen on Figure 20. This
texture looks like it has been plowed or tended to by humans. It is unlikely that in normal
conditions a landslide would occur in such a site, which suggests that it was a HIL. The texture
was first assumed to be a sensor artifact until a 2nd Landsat image confirmed it. The site was still
selected, as there were no suitable replacements in the county, and the site would have gone
unnoticed if no landslide occurred. In comparison, the landslide on control site 1 was found to
not be caused by humans. The control site is among the highest, with a maximum slope of 72°.
There appears to be a small, dried-up stream that carved the steep slope responsible for the
landslide; no human development of the landscape occurred close to the slope. The GLM and
odds ratio confirmed that sites with irrigation were more likely to have landslides occur in
Franklin County, Washington.

Figure 20 - The unique texture on control site 4.
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The validation results were very similar to both models. Figures 21 and 22 show a map
of the results for models 1 and 2. As mentioned with the confusion matrix, the values are very
similar and have very little difference between the two. From these figures, you can see the were
the errors of omission and commission are. The northern cliff at Site 1 had most of the false
positive landslides. I believe that this is due to the very high elevation change variable, where
the value was incredible off due to the steepness of the cliff. The control sites also failed to
predict any landslides accurately. This is due to the important of the irrigation variable in the
models. Landslides 7 and 8, located in the south of the treatment site, had a high number of false
positives near the true positive points. This error maybe due to my selection of landslide pixels,
or from spatial autocorrelation due to a similar variable.

Figure 21 – The validation results of model 1.
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Figure 22 – The validation results of model 2.

It was surprising that only 10 landslides were found within this study. The treatment site
was originally chosen due to visibility of the landslides from satellite images. These large
landslides occurred in before 2000, and therefore were not detected by the study. There was no
way to know this before the study began. It was expected that there would be more landslides in
the control sites, but the results just show how important irrigation is in causing landslides. All
of the other variables were the similar to the treatment site, and in the span of 20 years only 2
very small landslides occurred in the control sites. It is possible than the frequency of landslides
in the treatment site was higher in the past, perhaps from 1980 to 2000.
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7.2 Impacts
The results of the study further support claims that irrigation can lead to landslides in
semi-arid environments. The results can be applied directly in Franklin County to prevent
further slope depreciation. Such an endeavor would require communication with the community
to first confirm the community’s suspicion that their agriculture near the slope edge did result in
landslides and then work to prevent additional landslides. The simplest solution would involve
limitations to agriculture along the slope edge. However, if severe, this action could result in
economic difficulties for the farmers as their livelihood is threatened. Instead, this study
recommends the introduction of infrastructure to the slope. This infrastructure can be as simple
as planting trees near the slope or building a retaining wall. It should be noted that, as seen on
Figure 24, farmers in the southern part of the treatment site, planted trees on the western side to
protect the slope. However, this side was historically less prone to landslides, and has much less
slope than the rest of the treatment site. Extending this tree line northward may prevent future
landslides.

Figure 23 - Tree line used to prevent landslides in the southern half of the treatment site.
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7.3 Limitations
This study has some limitations. Perhaps the most limiting aspect was the data sources.
The goal of the study was to determine whether landslides could be attributed to the presence of
irrigation by identifying comparable sites identified as treatment (with irrigation) and control
(without irrigation). Irrigation in the study area started in the 1950s. However, this study is
unable to begin its assessment at that point in time, as there was no DEM or multispectral
remotely sensed (MSI) data available for those dates. Being able to compare the frequency of
landslides before and after irrigation would have increased the confidence of the results of this
study.
Another limitation of the data sources stemmed from the spatial resolution difference
between the 2000 SRTM and the 2019 LiDAR DEM. This mismatch created considerable noise
and required additional visual analysis of the negative results of the DEM differencing to be
more important than originally planned.

I attempted to remedy the dependency on visual

analysis with the addition of other methods to detect landslides. Specifically, I attempted using
the land cover change method (see literature review item e) in order to detect landslides that may
have been missed by the DEM differencing. Slope and slope change were added to the Landsat
imagery with a layer stack, and a supervised classification was performed with ENVI’s
“Classification Workflow” using a maximum likelihood classification. The Regions of Interest
(ROI) included the previously detected landslides, vegetation, water, urban, and soil. This
classification resulted in an image scattered with detected landslides along the slope, with no
clumps large enough to be a landslide. The analysis was run a few times with various forms of
elevation-derived data removed in an attempt to fix the issue. These attempts were all
unsuccessful with results that predicted more false positives than the DEM differencing method.
Therefore, this method was abandoned completely.
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The landcover change method of detecting landslides is not suitable for the case study
due to several factors. First, the time scale: in order to get the best classification, the
classification has to be run yearly from 2000 to 2019 with a change detection afterward. Next,
the environment is not suitable for detecting landslides. If the environment had trees or
vegetation, the landslides would have been easier to detect with the harsh spectral difference the
debris would create. Instead, the only debris was soil; this can still be detected confidently but
required a higher temporal resolution and more training sites for landslides to differentiate
between regular soil. The last major limitation was the inability for an accuracy assessment; no
field data was collected that can verify the occurrence of landslides, and no news articles
reported any landslides. The Washington State landslide inventory was created in 2017 and does
not include any landslides before then.
Some of the variables within this study are also limited by available data. A direct value
of irrigation would be better than the binary this study used. Also, most of the RUSLE values
were aggregated to polygons. This lessened that variable as tens of thousands of pixels have the
same RUSLE value. I attempted to fix this by adding a pixel unique LS factor into the RUSLE
formula, but that variable drastically reduced the AIC of the models. Using pixel-specific values
for all RUSLE factors would improve the results of this study, but creating those values would
be its own study and would require ground truthing.

7.4 Other statistical attempts
For this academic paper, it is important to discuss the process of this study used in
finding a suitable statistical method. The original concept of this study was to use a simple
statistical test. A T-Test and Mann-Whitney U-Test were considered and experimented with.
The T-Test was abandoned as the landslide occurrences are a count and not a continuous
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variable. The Mann-Whitney U-Test is a non-parametric test and was considered as a
replacement for the T-test, but was rejected after the GLM was determined to be the better
method for this case study.
While the GLM was the main statistical method, the model itself could had been
structured very differently. Instead of the pixel-based approach, 40 rows consisting of yearly
elevation change averages for the treatment and control sites could had been used as the
dependent variable. Unfortunately, this idea had to be rejected as the study was only able to find
two DEM’s for the 20-year span. The pixel-based approach required more variables, at a much
finer resolution and which causes issues for the RUSLE variable, which was aggregated into
large polygons. Despite the possibility of other statistical methods, this study was able to use
GIS and a GLM to answer the study question.
This study used a Binomial/Logistical GLM with success, but other forms of GLM were
also explored. No matter the independent variables, the Poisson model resulted in an AIC of
infinity. This is due to having to use the absolute value of the elevation change as the dependent
variable. The absolute value of the elevation change appears to be random due to the noise of
the original elevation change and the impossibility of negative values. This model was
attempted to see what the results would look like but was abandoned after the model returned an
AIC of infinity. The Gaussian model used the original elevation change variable, in which it had
mediocre results. This is because not all elevation change pixels are landslides. I believe that
this type of model could work well with this study, but the noise created from comparing SRTM
with the NED created too many errors. Variables such as NDVI and NDVI change would be
more important in this model to distinguish landslides from other forms of elevation change.
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7.5 Future Work
Additional work can continue with the models created in this study. The next logical step
in this study would be to create new independent variables to further lower the AIC. Perhaps the
most important change would be to the irrigation variable from a binary, to a unit of measure.
Such an endeavor would require irrigation values for each farm, and account for ground water
flow. This technique would significantly increase the confidence of the results and allow for the
merging of the treatment and control sites.
Future studies can build upon and learn from this study. An additional study could be
created in optimized conditions to confirm the framework this study used. Such a study’s goal
would be to verify the methods that this study used in a perfect study area. The optimal site
would have irrigation begin near the slope in around 2005 and have an active landslide database
to use as a ground truth. Yearly LiDAR scans of the potential study area would help but would
be costly. The results of the potential study would provide the maximum confidence level such
methods could achieve. These goals of the potential study do not match the goals of this paper,
but would add more confidence for these results.
Potential additional studies can focus on Franklin County. An additional study could
examine the success of any landslide prevention methods the county introduced in ~10 years. A
separate study could be performed using the 20th century topographic maps to determine the lag
between the start of irrigation and landslides. Lastly, a potential study can explore the crops
grown on each farm and determine if a certain plant leads to more landslides due to the water
required.
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8. Conclusion
Using GIS and remote sensing methods, this study sought to determine if irrigation from
agricultural farms caused landslides in Franklin County, Washington. A few different methods
to detect landslides for this study were tested, but the DEM differencing and visual analysis
yielded the best results. It is possible for other studies to utilize rejected methods, like landcover
change, but this study’s parameters were not optimized for it and resulted in poor results. The
GLM found that irrigation increased the odds of a landslide 32.5 to 36 times within the study
area. The odds ratio solidified the results were not random. Over a 21-year span, 80% of the
total landslides occurred within the treatment site, while only 20% occurred within control sites.
The results of this study can be used by the residents of Franklin County to create legislation or
build infrastructure to prevent landslides from destroying the environment they call home. For
academia, the results of this study provide another example of GLM within GIS.
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